Drosophila melanogaster has proved to be an excellent model organism to investigate the fundamental principles of development, from classical genetics and embryology analyses to molecular biology approaches. As a well-established model organism, the Drosophila genome was one of the first to be sequenced Myers et al., 2000) and since then, different large-scale studies have helped greatly to improve the annotation of the fly genome Hoskins et al., 2002; Lin et al., 2007; Stapleton et al., 2002a,b). In the post-genomic era, proteomics has become central to systems biology although its implementation still remains a continuous challenge. Proteomic approaches involve the large-scale identification and quantification of proteins, the study of their post-translational modifications, the analysis of protein-protein interactions (PPIs) as well as in vivo studies of protein expression in order to identify functional protein networks. An ever-increasing number of bioinformatics tools are being developed to achieve these goals. These powerful techniques will facilitate the complete mapping of proteomes and the identification of biologically significant interactome networks. To fulfill this last aim, it is of great relevance to combine and to integrate information from different datasets. Nowadays, we can start to achieve this task. For example, only some years ago the first comprehensive PPI map was completed in Drosophila by a genome-wide yeast two-hybrid approach (Giot et al., 2003) . Later on, proteome-wide purification of protein complexes was accomplished in Drosophila with tandem affinity purification mass spectrometry (TAP-MS) (Veraksa et al. 
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Drosophila melanogaster has proved to be an excellent model organism to investigate the fundamental principles of development, from classical genetics and embryology analyses to molecular biology approaches. As a well-established model organism, the Drosophila genome was one of the first to be sequenced Myers et al., 2000) and since then, different large-scale studies have helped greatly to improve the annotation of the fly genome Hoskins et al., 2002; Lin et al., 2007; Stapleton et al., 2002a,b) . In the post-genomic era, proteomics has become central to systems biology although its implementation still remains a continuous challenge. Proteomic approaches involve the large-scale identification and quantification of proteins, the study of their post-translational modifications, the analysis of protein-protein interactions (PPIs) as well as in vivo studies of protein expression in order to identify functional protein networks. An ever-increasing number of bioinformatics tools are being developed to achieve these goals. These powerful techniques will facilitate the complete mapping of proteomes and the identification of biologically significant interactome networks. To fulfill this last aim, it is of great relevance to combine and to integrate information from different datasets. Nowadays, we can start to achieve this task. For example, only some years ago the first comprehensive PPI map was completed in Drosophila by a genome-wide yeast two-hybrid approach (Giot et al., 2003) . Later on, proteome-wide purification of protein complexes was accomplished in Drosophila with tandem affinity purification mass spectrometry (TAP-MS) (Veraksa et . Regardless some disadvantages and difficulties, these are still very efficient approaches, which are continuingly improving, to unveil PPI maps (Kyriakakis et al., 2008) . However, although these proteome-wide analyses provide first predictions for protein function, they do not yield, for example, any information about spatio-temporal protein expression. The recent developing of Drosophila databases that uncover protein expression patterns can help to fill that gap and thus to yield more accurate predictions of functional PPIs (Tomancak et al., 2007) . Moreover, the inclusion in the databases of Gene Ontology (GO) annotations and information from different organisms datasets can help to further filter biologically significative PPIs (see below). Proteomic studies will also deepen our knowledge of genomes, improving their annotation and our understanding of genomic regulatory networks and their evolution. Here, we review the latest bioinformatics tools and datasets that are being applied to the large-scale proteomic analysis of Drosophila development.
2.
Identification and quantification of proteins: The Drosophila PeptideAtlas
The characterization and quantitative measurement of whole proteomes is a critical yet difficult issue of proteomic approaches. Indeed, no proteome has yet been fully mapped. A fly proteomics and genomics resource, the Drosophila PeptideAtlas was recently developed to help to fulfill this aim Loevenich et al., 2009) . PeptideAtlas is an open-access database (http://www.drosophila-peptideatlas.org) and hitherto the largest fly proteome catalogue described. It contains about 76,724 peptide sequences representing 9263 protein isoforms (compared to the 1552 fly protein sequences listed in SwissProt) and there are 8799 gene models, which is the equivalent to 65% of the Ensembl database (v27.3c). This gene model coverage is 13% higher than that of the human PeptideAtlas, which includes 52% of the Ensembl V43 genes (Table 1) .
A ''two-step strategy'' has been followed to quantitatively establish the proteome catalogue Brunner et al., 2007) . In a first step, shotgun proteomic experiments provided the mass spectrometry identification of peptides from complex samples. In a second step, a peptide catalogue was established (and will be continuously expanded by introducing information from other databases and sources). With all this information, a minimal set of peptides that represent each protein in the catalogue was selected. These peptides are called ProteoTypic Peptides (PTPs). A consensus mass spectrum was calculated for each PTP to represent the proteome catalogue avoiding redundancy. Through a targeted mass spectrometry method called multiple Selected Reaction Monitoring (mSRM), PTPs can then be identified and quantified in complex mixtures Anderson and Hunter, 2006; Kuster et al., 2005) . The fly proteome catalogue is not yet complete. As mentioned above, proteins corresponding to 35% of the predicted gene models remain uncovered, as some limitations still exist and full proteome coverage is difficult to achieve Castellana et al., 2008) . Nevertheless, as more protein extracts are analyzed in the future, the catalogue will be more comprehensive. By providing protein specific peptides and their representative consensus mass spectra, the proteome catalogue will enormously facilitate proteomics experiments in Drosophila (Fig. 1) . Furthermore, PeptideAtlas information can be used to revisit gene models and to improve genome annotation.
3.
Post-translational protein modifications: PhosphoPep An important coverage of proteomics is the analysis of posttranslational protein modifications (PTMs). These modifications are key for multiple cellular processes during development. For example, protein phosphorylation/dephosphorylation plays a central role in many signaling networks and it is a process precisely regulated by kinases and phosphatases. In Drosophila, a phosphoproteome resource called PhosphoPep has been recently developed (Bodenmiller et al., 2007) . This database contains more than 10,000 phosphorylation sites mapping to 4583 phosphoproteins (3472 gene models) of Drosophila Kc167 cell line. PhosphoPep (http://www.phosphopep.org) can be searched through several interfaces that provide different type of information about a protein of interest. For example, for each protein it is shown the sequence of the observed phosphopeptides with the phosphorylation site(s). Additional data about each phosphopeptide such as the probability (PeptideProphet probability score), mass, how many times was observed and how many proteins it maps can also be found. The phosphopeptides are high- (Zhai et al., 2008) . Intriguingly, the overlap between this and the previously mentioned PhosphoPep dataset was very low. For example, whereas PhosphoPep identified 4583 phosphoproteins and found 13% of peptides phosphorylated at multiple sites, the study of Zhai and colleagues only describes 2702 phosphoproteins and the fraction of multiply phosphorylated peptides detected was 68%. Different samples (i.e. cells versus embryos), methods and analysis tools can explain the differences found in both studies. Hence, it will be of great relevance for the future to take into account the combination of different approaches to unveil the complexity of phosphoproteomes in particular and of proteomics in general.
Fig. 1 -Proteotypic Peptides (PTPs) for targeted proteomics. The diagram exemplifies the type of experiments that can be performed to identify and quantify specific peptides from complex sample mixtures taking advantage of PTPs. PTPs corresponding to the proteins of interest that are to be quantified in the sample are searched in the PeptideAtlas and chemically synthesized. A known amount of these PTPs labeled with a specific tag is added to the mixture where the unknown peptides from the samples are labeled with a different tag (e.g., an isotopic tag). The mixture of peptides is subdivided into different fractions and analyzed by mass spectrometry. Given that the mass spectra of the PTPs searched and the exact amount added to the mixture are both known, the proteins of interest can be identified and properly quantified (by the calculation of isotope ratios).
4.
Protein-protein interaction (PPI) networks
Identifying which are the interacting partners of a given protein is crucial. These partners and the resulting interactome network are fundamental to understand cell behavior. Proteomics is contributing significantly to define the protein networks through large-scale interaction studies, such as high-throughput yeast two-hybrid screens or affinity-based protein complex purification. Taking advantage of all the information generated, different databases and models have been designed to predict interactome networks in D. melanogaster.
Fly-DPI: Database of protein interactomes
Fly-DPI is an integrated proteomic tool that combines statistical and biological estimates to validate PPIs (http://flydpi.nhri.org.tw) (Lin et al., 2006) . The statistical reference system is a hybrid of the Maximum Likelihood Estimation (MLE) and association methods. This hybrid model predicts PPIs based on experimental data about the interactions between different protein domains. For example, the model considers that two proteins interact if at least one pair of their domains can associate, providing an estimated probability of the interaction for each domain pair. Comprehensive biological annotations in major databases enable the establishment of putative functional connections between known annotated proteins and their predicted partners with unknown function. Spatio-temporal information about proteins can also be used as a ''biological filter'' to reinforce the probability of an interaction. A novel tool provided by the Fly-DPI database is the ''ping-pong'' search. This search identifies the shortest path between any two proteins, showing the networks associated with both. Thus, Fly-DPI as a whole can provide an estimate of PPIs based on both experimental and predicted data. Biological annotations then contribute to increase the reliability of any given PPI.
DroID: The Drosophila interactions database
DroID is probably the most comprehensive interactions database available for Drosophila (http://www.droidb.org) (Yu et al., 2008) . This is a highly extended version of an earlier database (Pacifico et al., 2006) that will continue to be periodically updated. The predicted PPIs are derived, in part, from experimental data from other model organisms and humans. These predicted interactions are called ''interologs'' (Yu et al., 2004b) and since the conservation of PPIs in different species is common, it represents potentially useful information. In addition to computationally predicted PPIs, the DroID database takes into account reported physical PPIs, genetic interactions and gene expression data. A confidence score between 0 and 1 is assigned to each interaction. The higher the score, the higher is the probability that the interaction is biologically relevant (Fig. 2) . This confidence score is updateable and represents a novelty of DroID to annotate each physical PPI (more information about the method followed to assign the confidence score can be found in Giot et al., 2003) . Gene expression and expression correlation data are also included in DroID. These data can be useful to search and filter interactions, as well as to define specific gene subnetworks (Arbeitman et al., 2002; Tomancak et al., 2002) . Genes that are co-expressed are more likely to function in the same biological process and thus, in DroID, each gene pair is annotated with gene expression correlation values. Indeed, proteins that physically interact are encoded by gene pairs with higher expression correlation values that random gene pairs. Such correlations have been also described previously in Saccharomyces cerevisiae (Ge et al., 2001) . Gene pairs that interact genetically, another parameter that DroID exploits, also show higher expression correlation values and so, they have more probability to work together in a given process. In addition, all the original experiments and sources are present in the annotated interactions. DroID is an example of the need and utility of comprehensive databases focused on particular model organisms to analyze biology systems. Other databases are emerging that attempt to offer such comprehensive coverage for other specific organisms, such as Homo-MINT and UniHI for humans (Chaurasia et al., 2007; Persico et al., 2005) . Also, some interactome analysis methods developed previously (Baudot et al., 2006; Brun et al., 2003) have more recently been applied to decipher the Drosophila interactome. For example, this is the case of the graph-theory based method called PRODISTIN, a tool to functionally classify proteins within interactome networks (Baudot et al., 2008) .
4.3.
A hub protein classifier: A bioinformatics tool to predict highly connected nodes within PPI networks Most PPI networks are scale-free, which means that a large number of proteins are poorly connected and only a small number of proteins interact with many partners. These few, highly connected nodes within PPI networks are called hubs (Albert, 2005; Barabasi and Oltvai, 2004) . As a consequence of their non-homogeneous architecture, networks are very vulnerable to the targeted removal of hubs, although they are extremely robust to random failures (Albert et al., 2000) . This ''centrality-lethality'' rule has been observed in PPI networks from different organisms, including yeast, nematodes and flies, and it reflects the relevance of the network structure and the topological positions of individual proteins (Albert et al., 2000; Hahn and Kern, 2005; Jeong et al., 2001; Wuchty, 2002; Yu et al., 2004a ). An alternative explanation of the centrality-lethality rule has been proposed since not all PPIs are equally critical for the cell (He and Zhang, 2006) . Indeed, only a small percent of interactions are essential. Authors of this work claim that hubs are few and highly connected nodes but randomly distributed in the network (i.e. independent of network architecture). They explain the centrality-lethality rule by arguing that hubs are important since by having more partners, the probability of being involved in essential PPIs is also higher (He and Zhang, 2006) . Although the position of hubs within a network may not be considered crucial for some networks, in other biological networks the influence of network architecture cannot be disregarded. Hubs are, in any case, critical for the organization, function and survival of PPI networks (Albert et al., 2000; Jeong et al., 2001) .
The hub classifier developed by Hsing et al. (2008) takes advantage of GO protein annotations and protein-protein interaction data. GO annotations can reflect important func-tional properties of proteins, even when the annotations are not based on experimental data Camon et al., 2004; Qi et al., 2006; Rhee et al., 2008) . Hence, the hub classifier could be also used as a predictive bioinformatics tool in organisms for which PPI data is not available. To develop this hub classifier, annotated proteins of Escherichia coli, S. cerevisiae, D. melanogaster and Homo sapiens were successfully used, showing that highly connected nodes share functional properties that appear in their GO annotations (e.g., translation, cell cycle, cell death or signal transduction). In addition, the hub classifier had the highest predictive value when compared with other protein prediction tools (Hsing et al., 2008) . Given the particular characteristics of hub proteins, predicted hubs can be used for in depth analysis of cellular processes and to identify novel drug targets. Likewise, they can be used to select baits for large-scale experiments to pull-down protein complexes. The hub protein classifier can be searched at http://www.cnbi2.ca/hub/. 
5.

Functional interactome networks: Protein localization and spatio-temporal regulation
One critical means to decipher functional PPI networks during development is to analyze the spatio-temporal expression patterns of the potential partners. Databases and GO annotations can be extremely useful and accurate in making PPI predictions. However, co-localization of the predicted potential partners is a prerequisite to consider the interactions relevant in vivo. Indeed, information about protein expression is frequently used to filter datasets when predicting PPIs (see above).
In Drosophila, an embryonic gene expression atlas has been developed on a genome-wide basis (Tomancak et al., 2002) . A recent release of this database includes about 6003 (44%) of the 13,659 protein encoding Drosophila genes, a representative sample of the whole genome (Tomancak et al., 2007) . This is the most comprehensive dataset of its kind to be developed for a multicellular organism. Two methods were employed in parallel to implement the dataset: RNA in situ hybridization and microarray analysis. In situ hybridization provides ''qualitative'', spatial information regarding gene expression during embryogenesis, whereas microarrays reveal quantitative temporal measures of gene expression. The results of both datasets are integrated and they complement one another. The expression patterns were classified into large clusters defined by controlled vocabulary (CV) annotations for embryonic anatomy (Grumbling and Strelets, 2006) . To compare the characteristics of gene expression for a set of clustered genes, authors create a linear representation of the CV annotations called the ''anatomical signature'' or ''anatogram''. With this representation, one can visualize where and when a given gene set is expressed during development, and compare this with the spatio-temporal profile of other gene sets. Moreover, the expression patterns of different species can also be analyzed with anatograms. All the expression patterns originally analyzed were grouped into two main categories: broad (representing more than half of the genes) and tissue-restricted. Many of the genes (41%) expressed in restricted tissues were classified in multiple clusters (e.g., Fas-3 belongs to three different clusters: ''early epithelial pattern'', ''visceral muscle'' and ''midline/CNS cluster''). Other surveys have been carried out in Drosophila to study gene expression patterns in more detail, focusing on specific embryonic stages or on specific protein-encoded genes (Gurunathan et al., 2004; Keranen et al., 2006; Luengo Hendriks et al., 2006; Ye et al., 2006) . The genome-wide dataset of D. melanogaster embryonic expression patterns (http:// www.fruitfly.org/cgi-bin/ex/insitu.pl) will promote and facilitate the in depth analysis of gene and protein regulatory networks during development.
One inherent problem to these approaches is the huge amount of data generated. Very recently, a new web interface, the CATMAID (Collaborative Annotation Toolkit for Massive Amounts of Image Data) has been developed (Saalfeld et al., 2009) . The CATMAID will be of great help to organize, annotate and to browse big datasets, including the largescale dataset of Drosophila embryonic expression patterns (Tomancak et al., 2007) . In addition, researchers can share their image datasets (e.g., confocal, electron microscopy or in situ image data) uploading them into the CATMAID. This collaborative annotation can notably improve protein expression data annotation. Similar approaches to the genomewide dataset of D. melanogaster embryonic expression patterns in other species can also impinge on our knowledge about evolutionary conserved expression patterns and functional interactome networks. Indeed, comparison and combination of different datasets within an organism and between different model organisms can be extremely helpful for interpreting data and drawing conclusions. This consideration was the base for developing a new source for integrated data: FlyMine.
FlyMine: Combining datasets
One challenge of system-wide approaches in general is how to integrate the huge amount of data generated. For that task, it is of great relevance combining information of different datasets both within the same organism as well as between different species. FlyMine (http://www.flymine.org/) was developed few years ago as such integrative database (Lyne et al., 2007) . Although initially FlyMine was mainly focused on Drosophila and Anopheles genomic and proteomic datasets, it currently (release 18.0) includes information about other species as Caenorhabditis elegans, S. cerevisiae, Mus musculus and H. sapiens. Combining and integrating data is a powerful mean to cross-validate datasets between different organisms. For example, predicted interologs (pairs of proteins whose orthologs in another species interact) can increase confidence to interactions and also can generate new hypotheses to study. Some of the Drosophila databases that uncover PPIs mentioned before, such as DroID, also include information from other organisms. FlyMine, in addition to PPIs, provides different data sources such as genome and proteome annotation, comparative genomics, protein structure, phenotypes, ''Homophila'' (Human disease to Drosohila database), among others (Fig. 3) . New releases of FlyMine appear periodically with continuous improvements, additional data sources and updated information. FlyMine is linked to other databases, including the primary database for any drosophilist: FlyBase.
7.
FlyBase: The hub of drosophilists databases FlyBase (http://flybase.bio.indiana.edu/) is widely known and recognized by the Drosophila community as the main fly database it represents. It is important though to highlight the huge impact that FlyBase has had and is having for the creation and expansion of genome-wide and proteome-wide tools and so, for the large-scale analysis approach of Drosophila development. Indeed, Flybase stands as the central database to which the other Drosophila tools mentioned before, such as the Peptide-Atlas, DroID, PhosphoPep or the FlyMine, are linked with. Fly-DPI database is the only case in which it is not shown a clear link with FlyBase, even though nomenclature and GO terms are taken from there. This should be revised to facilitate cross-talk between datasets.
Perspectives
All tools and databases presented here have limitations and are susceptible of improvements. A clear sign of this is the constant updating and the new releases of most databases that periodically appear. Proteomic techniques per se still have a number of limitations, such as resolution and sensitivity, albeit impressive advances have been accomplished in MS along past years. These techniques also confront important challenges, such as deeper proteome coverage. Indeed, today it has become apparent that different protocols and techniques reveal only a minimal part of the total proteome and, at present, no proteome has been completely characterized. However, the two-step strategy followed for the analysis of Drosophila proteome has been particularly successful, representing the first high-coverage proteome map for a multicellular eukaryote (Loevenich et al., 2009) . Developing proteome catalogues for other organisms, similar to that created for Drosophila could help to increase the efficiency of proteome characterization. Another aspect to take into account that we have already learned related to PPIs or PTMs coverage is how similar experiments can yield some overlapping but different set of results. Normally, this does not mean that one of the analyses is wrong but that different technique or approach has been selected. Hence, it is fundamental to combine several studies and datasets to try to eliminate false positives or compensate false negatives. Likewise, it is necessary to use biological filters such as GO annotations, protein expression patterns, interologs, etc., and combine all these parameters to establish good confidence scores for PPIs. Finally, the management of huge datasets we are tackling with today demands the optimization of data tools organization, integration and presentation. Hence, it is of great importance to develop user-friendly search pages for routine use. This will be an ongoing challenge in bioinformatics.
Large-scale datasets are important for researchers as an in-route to detailed analyses and validation of interactomes during development. Likewise, datasets can be used for modeling cell behaviors by in silico approaches. Obviously, cells are extremely complex, non-linear systems, and to be able to very precisely predict global cellular responses in multicellular organisms, after specific cell manipulations, is far away to be reached. Nevertheless, it is quite remarkable how biology already co-exists with mathematical and physical ap- proaches to untangle cell complexity. This phenomenon has allowed, for example, the emergence and expansion of potent proteomic bioinformatics tools. In addition, physical and mathematical approaches are making possible the development of quantitative analyses to measure cell changes in particular processes in response to specific environment modifications. In a future, the intertwining of biology, mathematics and physic may succeed in making predictions about more complex aspects of cell behavior.
Conclusions
In a systems biology era, proteomics is emerging as a critical large-scale approach to analyze and understand complex developmental processes. The characterization and quantification of proteins, their interactions and their spatio-temporal expression patterns will provide invaluable information in this regard. The implementation of innovative bioinformatics tools and advanced technologies is contributing to reach this goal, as shown here for the well-established model organism D. melanogaster. One important challenge of proteomics is to manage and to integrate large-scale data sets as well as to validate PPIs by alternative approaches, particularly those that can be applied in vivo. This will be crucial to uncover functionally relevant interactome networks.
